. Prediabetes is much more prevalent than frank diabetes, affecting 84 million people in the United States, and has been described as a silent precursor; it puts people at high risk for type 2 diabetes and for vascular disease and, according to current CDC estimates, 88% of those with prediabetes remain undiagnosed (CDC 2017) .
Individuals with undiagnosed or poorly controlled diabetes are at increased risk for many health complications, including periodontitis. Indeed, multiple studies have conclusively demonstrated that diabetes adversely affects periodontal status (Taylor and Borgnakke 2008; Lalla and Papapanou 2011; Lamster et al. 2014) . Young adults with diabetes have about twice the risk of having periodontal disease, and people 45 y or older with poorly controlled diabetes are almost 3 times more likely to have severe periodontitis than those without diabetes. Furthermore, periodontitis and type 2 diabetes share several risk factors (Borgnakke 2016a (Borgnakke , 2016b , which makes the value of a team-based, interprofessional approach to prevention and treatment of patients at risk for, or affected by, either or both conditions apparent.
Within its Parameters of Care, the American Academy of Periodontology has long indicated that dentists have a role in the "identification of signs and symptoms of undiagnosed or poorly controlled diabetes mellitus" (American Academy of Periodontology 1999). Currently, patients with unknown diabetes are seen in dental clinics, leaving clues to their status, while the disease goes unrecognized and untreated with devastating consequences. Dental care settings have untapped potential for identifying undiagnosed dysglycemia, as well as contributing to the care of patients with known diabetes (Greenberg et al. 2010; Lalla and Lamster 2012; Lamster et al. 2012; Genco et al. 2014) , and efforts to address this unrealized health care opportunity have shown significant promise (Borrell et al. 2007; Li et al. 2011; Lalla et al. 2013; Genco et al. 2014; Herman et al. 2015; Lalla et al. 2015; Holm et al. 2016; Myers-Wright et al. 2018) . Evidence further suggests that dental professionals and their patients support such efforts as important and worthwhile (Greenberg et al. 2010; Barasch et al. 2012; Greenberg et al. 2012; Creanor et al. 2014) . In this environment, the wide deployment of electronic health records (EHRs) creates an opportunity to aggregate health care data to potentially contribute toward improved health of individuals and the population as a whole.
Indeed, exploration of routinely collected clinical data from EHRs has been recognized by leaders in health information technology as a fundamental opportunity to gain insight into disease processes, understand disease associations, and improve health outcomes (Safran et al. 2007; Kalenderian et al. 2016 ).
The present study uses the longitudinal dental and medical data contained within the Marshfield Clinic's (Marshfield, WI) data warehouse to further investigate dentists' ability to contribute to the longterm goal to positively affect the care of dental patients with dysglycemia. The Marshfield Clinic has long had an integrated dental-medical electronic health record (iEHR) to support its clinics and thus provided ideal material for this work. We first examined the performance of an identification approach we previously reported in a predominantly Hispanic northern Manhattan population Lalla et al. 2013) . In a distinctly different cohort, the predominantly Caucasian central, northern, and western Wisconsin rural population treated at the Marshfield Clinic, we then assessed how the model can be recalibrated to better detect diabetes or prediabetes by optimizing cutoffs for included predictors and/or by using additional information available in the iEHR.
Methods
The study population comprised patients who were seen at the Marshfield Clinic's dental and medical practices. Marshfield Clinic, incorporated in 1916, is an independent nonprofit health care delivery organization with 10 dental and 57 medical practices serving an expansive, largely rural population in Wisconsin and is one of the largest comprehensive dental-medical health systems in the United States (Acharya 2016) . Dental services are provided through Family Health Center, a Federally Qualified Health Center for patients regardless of ability to pay or insurance status. The Marshfield Clinic's dental centers provide care to more than 50,000 unique patients annually, and about 90% of these patients are also seen in the Marshfield Clinic's medical centers.
We mined the patient data from the Marshfield Clinic iEHR. To promote coordination of care, the iEHR supports shared access to patient health information among dental and medical providers. It offers centralized access to demographics, medical/dental diagnoses, medications/prescription information, observation/vitals/findings lists, allergies/ special conditions/problems lists, dental and periodontal charts, treatment planning, hospital information, imaging, and dental and medical appointing. The iEHR is supported by an integrated Enterprise Data Warehouse (EDW), in existence for more than 15 y, which houses the patients' dental and medical information. The intent of this sophisticated data warehouse is to be the sole reporting source for high-quality integrated information related to patient care, research, and operations.
The present study data spanned 10 y, from January 2005 through May 2015. The study protocol was approved by the Marshfield Clinic Research Institute and the Columbia University Institutional Review Boards, and it conforms to STROBE guidelines. Our study population included individuals age 21 y and older who had undergone a baseline periodontal examination in at least 2 quadrants. Of note, most subjects (93%) had a 4-quadrant periodontal examination and only 6.5% had 2 quadrants examined. To be included, patients also needed to 1) indicate that they did not have diabetes or "high blood sugar" at the time of the first dental visit and 2) have had a fasting plasma glucose (FPG) or hemoglobin A1c (HbA1c) test in their medical EHR within 3 mo of the first periodontal examination.
Our outcome variable was glycemic status, based on the blood test result according to current American Diabetes Association (ADA) criteria: prediabetes, HbA1c 5.7% to 6.4% or FPG 100 to 125 mg/dL; diabetes, HbA1c ≥6.5% or FPG ≥126 mg/dL. The predictors we considered were age, sex, race, ethnicity, number of missing teeth, percentage of teeth with at least 1 pocket ≥5 mm (deep pockets [DP]), overweight/obesity, hypertension, hyperlipidemia, and smoking status. For those subjects who did not have a full-mouth periodontal examination, calculation of the percentage of teeth with deep pockets was based on the number of teeth examined, not on the total number of teeth present. All of these variables are defined in Table 1 . Because the study population was overwhelmingly nonHispanic White, we dichotomized both race and ethnicity in our analysis.
We started with a simple predictive model ("base model") that included only 2 dental variables, missing teeth and percentage of teeth with at least 1 deep pocket (≥5 mm), as these proved useful in predicting undiagnosed dysglycemia in our earlier work and since we are interested in the model's use in dental care settings. We then considered an "integrated" model that included age, sex, race, ethnicity, overweight/ obesity, hypertension, hyperlipidemia, and smoking status, in addition to the 2 variables in the base model. The area under the receiver operating characteristic (ROC) curve was calculated for these 2 logistic regression models, and the difference between the 2 curves was assessed using the de Long-de LongClarke test. Furthermore, a "propensity score" estimating the probability of a subject having prediabetes or diabetes was created (as described below) based on the integrated model. The sensitivity, specificity, positive predictive value, and negative predictive value of the base model and the propensity score (using different optimal cutoffs), together with their 95% confidence intervals (CIs), were then calculated. Since there was only a small portion of missing data, completers analysis was performed. All statistical analyses were conducted in SAS version 9.4 (SAS Institute). The ROC plot was generated using R version 3.0.1 (R Foundation for Statistical Computing).
Results
The characteristics of the study population are shown in Table 2 . As noted above, all participants denied having diabetes or "high blood sugar" at the time of the initial dental examination, so glycemic status (normoglycemia vs. prediabetes vs. diabetes) is based on a blood test result (HbA1c or FPG) from the medical EHR, within 3 mo of the periodontal examination. When multiple glycemic measures were available within the 3-mo period, we selected the test result that was closest to the periodontal examination.
The Figure shows the ROC curves of the 2 predictive models considered: base and integrated. The ROC analysis revealed that the base model had an area under the curve (AUC) of 0.59 (95% CI, 0.57-0.60). The integrated model had an AUC of 0.71 (95% CI, 0.69-0.72), a significant improvement over the base model (P < 0.0001). Based on the fitted integrated model (and using the variables described in Table 1 ), we generated the following algorithm for a propensity score that estimates the probability that an individual may have prediabetes or diabetes: Performance characteristics of the base model and the integrated model's propensity score are summarized in Table 3 . We first considered previously identified cutoffs (Lalla et al. 2013) for the 2 variables in the base model (first row) and then calculated new optimal cutoffs, based on the current ROC curve/population (second row). Correct identification of dysglycemia ranged from 52% to 65% with the base model. A propensity score above 0.49 correctly identified 70% of the dental patients with undiagnosed prediabetes or diabetes.
Discussion
Few studies in the past have focused on noninvasive measures to screen for undiagnosed dysglycemia in dental care settings and/or statistical algorithms applying risk-based modeling by using demographic data, self-reported health status data, and/or clinical data (Borrell et al. 2007; Strauss et al. 2010; Li et al. 2011 ). We previously used NHANES III (National Health and Nutrition Examination Survey III) data to explore the potential to predict undiagnosed diabetes in dental settings (Borrell et al. 2007 ) and then conducted the largest prospective study to date in a mostly Hispanic, northern Manhattan cohort in which the presence of ≥26% teeth with at least 1 deep pocket or ≥4 missing teeth correctly identified 75% of dental patients with undiagnosed prediabetes or diabetes (Lalla et al. 2013) . Of note, even in medical settings, there is not a single diabetes prediction model that is universally accepted. It is well recognized, however, that certain racial/ethnic groups are at significantly increased risk for diabetes, and it has been suggested that recalibration of algorithms may be necessary when models are applied to different populations (Tabak et al. 2012) . With this in mind, the current study, in a primarily White rural population, sought to identify whether information available in dental records can be used to screen for patients with unknown prediabetes or diabetes and whether an integrated dental-medical EHR offers further value to the identification process.
Designing and conducting prospective studies can be expensive and timeconsuming. An approach that focuses on "secondary use" of health data collected within EHRs is an alternative Liu et al. 2013; Schleyer et al. 2013) . Indeed, the American Medical Informatics Association has stated that "secondary use of health data can enhance healthcare experiences for individuals, expand knowledge about disease and appropriate treatments, strengthen understanding about the effectiveness and efficiency of our healthcare systems, support public health and security goals, and aid businesses in meeting the needs of their customers" (Safran et al. 2007) .
Marshfield Clinic has made a significant commitment to the development of its clinical information systems over the past 40 y, and as part of this effort, it has developed a robust integrated dentalmedical EHR environment. The work that we report here leverages the rich dental and medical longitudinal data within Marshfield Clinic's data warehouse. The approach is novel and makes most sense since type 2 diabetes has several well-described risk factors and early signs that can be readily available in dental and/or medical records.
Our findings suggest that missing teeth and deep probing depths alone, information that is readily available in any dental setting, can help identify people with previously unrecognized dysglycemia. As previously discussed (Lalla et al. 2013 ), increased sensitivity is most important when evaluating the performance of diabetes screening approaches in nontraditional health care settings. Individuals identified with potential dysglycemia by a member of the dental team can be referred to a physician/medical team for further evaluation, advice on/management of modifiable risk factors, a formal diagnosis, and appropriate care. In the present study, the best performance was achieved by a model that took advantage of the integrated dental-medical EHR, adding age, sex, race, ethnicity, overweight/obesity, hypertension, hyperlipidemia, and smoking status to the base (2 dental variables only) model. The algorithm for the propensity score can easily be embedded as a trigger within the EHR of an integrated health care system or even a standalone dental practice to flag those who may have/ are at risk for diabetes and remain unrecognized and thus provide valuable just-in-time clinical decision support.
Although the ability to generalize from our specific study population is limited and the identified predictive models and variable cutoffs will need to be further tested in future large prospective studies in diverse populations, the present findings are in concert with our previous Figure. Receiver operating characteristic curves of candidate predictive models. Base model (dashed line curve): number of missing teeth + % of teeth with at least 1 deep pocket. Integrated model (solid line curve): number of missing teeth + % of teeth with at least 1 deep pocket + age + sex + race + ethnicity + hypertension + overweight/obesity + hyperlipidemia + smoking status. findings in a mostly Hispanic urban population and similar to results reported by other investigators in the United States and abroad Lalla et al. 2013; Genco et al. 2014; Herman et al. 2015; Holm et al. 2016) . We acknowledge that some of the major risk factors for type 2 diabetes were considerably more prevalent in the present study cohort compared to current national figures. For example, overweight/obesity in our study population was 84.5% vs. 70.7% nationally and hypertension was 51.5% vs. 33.5% nationally (National Center for Health Statistics 2017). This again may limit generalizability of our results and, at least partially, explain the higher prevalence of dysglycemia noted in our study population. We also recognize that data used in our analyses, including periodontal measurements, were recorded by multiple providers in several dental and/or medical clinics. Our objective, however, was to explore screening approaches on the basis of real-world clinical data rather than controlled, tightly calibrated data (as in a traditional prospective research study), which may not always translate to real clinical practice. Taken together and considered in the context of previous work, the present results corroborate the ability of information available in the dental office to help identify people at risk for prediabetes or diabetes. Furthermore, they clearly demonstrate that the accuracy of the prediction increases when dental findings are combined with information from the medical EHR. This work makes use of a large integrated dental-medical EHR database to establish diabetes risk algorithms that can be effective in the real world. Early diabetes identification and treatment can reduce the development of complications and improve quality of life. In addition, results from this study have the potential to affect periodontal treatment decision making in affected individuals, change clinical practice by providing a muchneeded evidence base, and inform large intervention trials.
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